In this paper, we have proposed a general approach to obtain a projection of the nearest targets and minimum distance for a given unit. The method takes undesirable output into account. The idea behind it is that nearest targets and minimum distance lead to less variation in inputs and outputs of the inefficient decision making units (DMUs) being evaluated to reach the production possibility set (PPS) frontier. Our results have shown that the carbon emissions comprehensive performance indexes (CECPIs) of developing countries are lower than those of developed countries, and that the inefficiency shares of energy consumption, capital stock and desirable output are declining while those of labor force and undesirable output are climbing. Further, using cluster analysis, we have shown that nine countries, including Ukraine, Kazakhstan, Uzbekistan and Iraq, should take severe measures to save energy and reduce carbon emissions. Moreover, the gap in CECPIs among the 123 countries is narrowing by kernel density estimation.
Introduction
Since the 1950s, the advancement of science and technology has greatly boosted the economic growth of the world while harming the environment and increasing global warming. Carbon dioxide is the most common greenhouse gas produced by humans, in 2004 accounting for 76.7% of all greenhouse gas emissions. More than 80% of that amount was caused by the burning of fossil fuels (IPCC, 2007) [1] . This has aroused the concern of both scientists and economists.
Study on carbon emissions mainly focuses on four fields: (1) the relations between carbon emissions and the economic growth using the environmental Kuznets curve test [2, 3] ; (2) the causes of carbon emissions using factor decomposition analysis [4] ; (3) analysis of carbon emissions performance using parametric and nonparametric methods [5] [6] [7] ; and (4) the mechanisms and policies for carbon emissions reduction using macroeconomic models [8] .
The assessment of environmental performance begins with the worry about scarcity of energy and carbon dioxide emissions caused by burning fossil fuels. In 1993, Kaya and Yokobori first put forward the concept of carbon productivity [9] . They explored carbon emissions performance (CEP) by data envelopment analysis (DEA). DEA is a nonparametric technique for assessing the performance or efficiency of DMUs, which has led to the development of a thousand models at present [10, 11] . It ranges from the traditional DEA methods (such as CCR, BCC and the additive models) to models which seek the nearest target projection.
Traditional DEA methods may be divided into two classes. These include: (1) radial models: in these models (e.g., CCR and BBC), defining the reach of the PPS frontier requires reducing/adding proportionally the inputs/outputs of the unit being assessed and (2) nonradial models: in these models (e.g., additive models and slack based measure (SBM) models), defining the reach of the PPS frontier requires reducing/adding the weighted sum of the variables to the maximum. For the efficient projection to the DMU under assessment it is not always certain whether it is the closest strong efficient unit in the above-mentioned models. By contrast, SBM and additive models choose the farthest strong efficient unit among all strong efficient units (also called efficient projections on the frontier) dominating the efficiency of DMU under assessment [12] . Using minimum distance to the strong efficiency frontier method can make the DMUs being assessed reach the frontier with less improvement in inputs and outputs. This method is employed in this paper to compute the CEP.
In the literature on CEP, several important problems have not been solved. How should each country be incorporated into one overall production system [13] [14] [15] [16] [17] [18] ? How should CEP be evaluated more realistically? How should emissions reduction policies for these countries be adjusted? This paper uses minimum distance to the strong efficiency frontier model, which takes the undesirable output into account, to measure CEP and address the issues above.
This paper contributes to the literature in two ways. First, it represents the first attempt to bring every country into one production system for analysis. Second, the measure employed in this paper can help inefficient countries to improve their efficiency and achieve their optimal production objectives with less effort.
The remainder of this paper is organized as follows. In the following section we develop a general approach for obtaining the nearest target for a DMU which consumes multiple inputs to produce desirable and undesirable outputs. Section 3 includes the data sources and the empirical results. The last section presents discussions and conclusions.
Methodology
Based upon the minimum distance to the strong efficiency frontier method of Jahanshahloo et al., 2012 [12] and Aparicio et al., 2007 [19] in which they minimized the L 1 -distance (the L1 is an Euclidean norm whose definition is
) to seek the optimal projection and compute efficiency, this paper puts forward a new minimum distance to the strong efficiency frontier method that considers undesirable outputs.
Strong Efficient Unit
Strong efficiency is also called Pareto efficiency. For multi-objective programming, if an evaluated unit is effective, we call it a Pareto efficient unit.
Suppose in the PPS, P is represented as
is called a strong efficient unit in P only if there is no other
and at least one holds for strict inequality.
Regarding the above definition, a unit in P is a strong efficient unit in P if it is impossible to improve any of its inputs and outputs without worsening other units.
Carbon Emissions Production Technology
Let that the production system have n DMUs. Each DMU uses m inputs to produce s 1 desirable outputs and 2 s undesirable outputs. Matrix Then the second program of LBP will be called SBM. To achieve Equation (3) grow in size, the objective of Equation (3) will decrease. Therefore, the SBM represents the maximum distance to the strong efficiency frontier model. We should also note that the (mSBM) model with the characterization of a strong efficiency unit remains immutable: the necessary and sufficient condition of DMU 0 being a strong efficiency unit is that the optimal slacks in (mSBM) are all zero. Hence, this model may be used instead of the classical SBM in this paper, since it has the advantage of obtaining the nearest targets and minimum distance of a DMU from the strong efficient frontier.
Carbon Emissions Performance Indexes
In order to derive carbon emissions performance indexes, we first have to explicitly define the input and output variables. In this paper, the input vector x contains capital (K), labor (L), and energy (E), while the desirable output y refers to the GDP of each country (or region) and the undesirable output b is carbon dioxide emissions. Since there are three inputs and two outputs, we set the weight vectors to be With reference to formulas (4)- (6), we obtain the CECPI as follows:
The following example shows the advantage of the (mSBM) model in determining the efficiency score. Consider DMU 1 to DMU 8 x , and 40% for b can help DMU1 reach the optimal PPS frontier. For the (mSBM) model, a much lower improvement of 9% for 1 x , 10% for 2 x and 9% for y enables DMU1 to reach the optimal PPS frontier.
DMU4 and DMU8 are identical. Reaching the optimal PPS frontier with massive decreases/increases in inputs/outputs (where outputs are desirable outputs, and the undesirable outputs are considered to be same as inputs which need to be decreased) is very difficult in practice. However, when slight improvements can help reach the optimal PPS frontier, it may be useful for any economic entity. As the analysis above shows, the general argument behind this idea is that the (mSBM) model is able to obtain the closest projection for the assessed DMU, while the SBM model leads to a projection that is at maximum distance. Thus, the (mSBM) measure allows an inefficient DMU to improve its efficiency in the easiest manner, which supports more practical policies. 
Empirical Analysis

Data and Its Descriptive Statistics Analysis
The data on the five variables including K, L, E, Y and b of 123 countries or regions (see Appendix). Data for the period 1992-2009 for the listed countries and regions (hereafter "countries") were collected for the current study. Some countries were not considered due to the unavailability or inconsistency of their data. Data for K, L, and Y come from the Penn World Table Version 8.0 while data for the other variables come from the World Bank online database. Table 2 provides detailed information on these five variables and Table 3 shows descriptive statistics of the input and output variables. Number of persons engaged (in millions)
Energy consumption (E)
Refers to use of primary energy before transformation to other end-use fuels, which is equal to indigenous production plus imports and stock changes, minus exports and fuels supplied to ships and aircraft engaged in international transport.
Desirable output (Y)
Uses expenditure-side real GDP at chained PPPs (in millions at 2005 prices)
Undesirable output (b)
Uses Carbon dioxide emissions which are those stemming from the burning of fossil fuels and the manufacture of cement. They include carbon dioxide produced during consumption of solid, liquid, and gas fuels and gas flaring. 
Carbon Emissions Comprehensive Performance
We first computed CECPIs for 123 countries using Equations (1-2). The results are given in Table 4 and Figures 1 and 2 . Table 4 shows that Hong Kong, Zimbabwe, Costa Rica, Luxembourg, Switzerland, Sudan, Ireland, United Kingdom, Panama and Sweden rank among the top 10 countries in the world in terms of CECPI. Among these only the United Kingdom's GDP ranks among the top ten, while none of the others falls into the top thirty. Hong Kong has the highest CECPI possibly because Hong Kong's industry only accounts for a rather small share of its GDP. The Russian Federation, China, and India, whose GDPs rank top 10 in the world, have very low CECPIs (0.620, 0.651, and 0.701, respectively). The CECPIs of China and the Russian Federation are 102nd and 109th in the world, respectively. Developing countries like China and India are at the stage of industrial expansion and their economies follow the same economic development style in which growing the economy takes precedence over pollution regulation. Since the Russian Federation has considerable heavy industry characterized by huge capital inputs, huge energy consumption, and heavy pollution, its CECPI is inevitably low. The 10 lowest CECPIs belong to Kazakhstan, Turkmenistan, Syria, Moldova, El Salvador, Mongolia, Ukraine, Mozambique, Nigeria and Congo. Most of these countries are developing nations. Twenty-four developed countries, including Germany, France, United Kingdom, Italy, Spain, Netherlands, Belgium, Switzerland, Sweden, Austria, Greece, Norway, Portugal, Denmark, Finland, Ireland, Luxembourg, Iceland, Japan, Singapore, United States, Canada, Australia, and New Zealand have higher CECPIs, ranging from 0.8 to 1. Figure 1 shows the trend of CECPIs in countries whose GDP ranks among the top 10 in the world for the study period (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) ). In general, their CECPIs fluctuate a bit, with six climbing somewhat while four (China, Japan, Brazil and Italy) decline. The Russian Federation, the US, and China exhibit greater fluctuation. These fluctuations may come from changes in technology, economic growth capacity, industrial structure, international trade, investment structure and other factors. For example, in China, the CECPI of 2009 declined, due to the 4 trillion Yuan in infrastructure investment that year, since construction causes heavy pollution. 
Carbon Emissions Inefficiency Analysis
Cluster Analysis
With the help of SPSS17.0 software [22], we employ K-Means clustering to divide all the countries by CECPI into the high efficiency zone, medium efficiency zone, low efficiency zone, and by emissions intensity into the high-intensity zone, medium intensity zone and low intensity zone, respectively. Details are given in Table 6 . The 41 countries in the high efficiency zone are also in the low-intensity zone with relatively better CECPIs. UKR, KAZ, UZB, IRQ, AZE, SYR, TKM, BHR, and MNG are in both the high-intensity zone and low-efficiency zone. The task of reducing global carbon dioxide is enormous, and every member should assume his own responsibility, especially these nine countries. They should take strong measures to save energy and reduce emissions. Table 6 . Clustering by carbon emissions efficiency and intensity.
Conclusions
The general methodology we have proposed in this paper takes the undesirable output into account. This allows an evaluated DMU to obtain projections of nearest targets and minimum distance from the strong efficient frontier. This methodology is first to measure environmental efficiency. Compared with traditional approaches, its advantage lies in achieving the optimum with less improvement in inputs and outputs.
Our findings have shown that among the top 10 CECPI countries, only the United Kingdom's GDP ranks among the top 10 while none of the remaining countries ranks in the top thirty. That is, the top 10 GDPs largely have lower CECPIs. Most developing countries have lower CECPIs than developed nations. Further, the inefficiency shares of E, K, and Y are declining while those of L and b are climbing.
By cluster analysis, 41 countries have relatively ideal CECPIs, while UKR, KAZ, UZB, IRQ, AZE, SYR, TKM, BHR and MNG should consider severe measures for energy savings and carbon emission reduction. The kernel density estimation shows that the gap in CECPIs among the 123 countries is narrowing, which will make it easier for low efficiency countries to overtake high efficiency countries.
The limitation of this study is that the (mSBM) measure is a non-parametric and deterministic frontier analysis method with no specific function and non-statistical properties. This restriction means that random factors are not considered.
